V enous thromboembolism (VTE), a blood clot that forms within a venous blood vessel, may form spontaneously or as a result of surgery, trauma, immobilization, pregnancy, cancer, and many other conditions. Deep vein thrombosis (DVT) is a VTE that forms in the large veins of the lower leg, thigh, and arms. A DVT may break off and travel through the venous system into the lungs, causing a pulmonary embolism (PE), a blood clot disrupting blood flow through the lungs, which can be fatal. In the United States, there are an estimated 350,000-900,000 VTEs per year, resulting in ∼100,000 deaths per year. 1 Among persons receiving major orthopedic surgery [including total knee replacement (TKR), total hip replacement (THR), or hip fracture surgery (HFS)], approximately 40%-60% may develop a distal DVT without prophylactic therapy. 2 Modern VTE prophylaxis, which consists of pharmacologic therapy or mechanical compression devices, can reduce the incidence of symptomatic VTE to approximately 0.5%-1% during the hospitalization. 3 Because postoperative VTE is common, potentially morbid, and preventable, tracking and preventing VTE has become a common metric for measuring the quality of health care delivery.
Perioperative PE or DVT have been designated by the US Government Agency for Healthcare Research and Quality (AHRQ) as a component of Patient Safety Indicator 12 (PSI-12). Starting in fiscal year 2015, the Centers for Medicare & Medicaid Services began reducing hospital payments to hospitals that perform poorly in the Hospitalacquired Conditions and Value-based Purchasing programs. PSI-12 (as part of the PSI-90 composite measure) is a component of both pay-for-performance systems. All PSIs are quantified based on administrative data [International Classification of Diseases, Ninth Revision, Clinical Modification (ICD-9 CM), Diagnosis Related Group (DRG), and/or Medicare Severity DRG (MS-DRG)] and the software is readily available for healthcare organizations. About half of events identified by an older version of PSI-12 that did not exclude preexisting VTE were found to be true postoperative DVT or PE events. 4 Studies of a more recent version of PSI-12 that excluded preexisting VTE showed improved performance for detecting postoperative VTE, but results were notably higher in academic hospitals (99% positive predictive value), compared with a convenient sample of unidentified hospitals (81% positive predictive value). 5 While automated information extraction (IE) from electronic medical records has high potential for improving VTE identification, existing tools either require large, manually annotated datasets for training, or considerable linguistic expertise for constructing domain specific rules. We present IDEAL-X, 6 a novel IE system designed for lay users without linguistics or programming background, and in collaboration with the Centers for Disease Control and Prevention evaluate its accuracy for identifying VTE diagnosis directly from the free text of radiology reports in electronic medical records.
METHODS

Human Subjects Consideration
This public health surveillance activity was reviewed by human subject personnel at the Emory University Institutional Review Board and was determined to be nonhuman subjects research and therefore did not require patient informed consent to review medical records.
Data Source
Full text of radiology reports and clinical data were retrospectively extracted from the electronic medical records (Cerner Corp, Kansas City, MO) of patients admitted to Emory University Orthopedic and Spine Hospital from February 1, 2009 to December 9, 2014. This timeframe excludes patients and data collected after the implementation of ICD-10 coding at this institution. Cases were defined as patient encounters that included a hospital admission, surgery (of the spine, hip, or knee), and any radiology diagnostic study that could detect VTE. A physician (R.B.D.) manually reviewed each radiology report for diagnosis of a DVT or PE, which served as the gold standard comparison for this study. This review was blided to the results of the IDEAL-X determinations.
Case Characteristics
Demographic and clinical characteristics of each case in the above timeframe were extracted and analyzed. These included patient age, sex, length of hospitalization, and evidence of pharmacologic and/or mechanical VTE prophylaxis during the hospital stay. Differences in characteristics among cases in each category were analyzed using the χ 2 test or Fisher exact test (where appropriate) for categorical variables and the Wilcoxon rank sum test for continuous variables.
IDEAL-X
IDEAL-X 6 is a novel software product with an easy-touse interface that allows users without linguistics or programming background to extract desired information from unstructured text. Software demonstrations are available at www.idealx.net.
In this study, IDEAL-X was used to analyze the same radiology report using 2 different modes.
For controlled vocabulary mode, the user specified the terminology (eg, thrombosis, clot) and contextual information (such as relevant and irrelevant report sections) to be extracted before running the software. In this study, all radiology reports from year 2013 were then used as a development dataset to calibrate the software to the appropriate terminology and contextual information.
In online machine learning mode, all terminology and contextual information was learned incrementally by the software. The software interface and workflow allow a lay user to browse an input text document and identify the variables of interest. From a small (typically 4-5) set of documents, manual extraction provides the initial training to the data extraction engine of IDEAL-X. For each subsequent document, the user can review and revise incorrect answers automatically filled by the data extraction engine. 6 The user feedback updates and further improves the data extraction model. Once the user determines that the data extraction model has achieved sufficient precision, the remaining text documents can be automatically annotated in batch.
Since this study was considered exploratory, no test positivity cutoffs or sample size was predetermined.
Radiology Report-level Analysis
IDEAL-X first analyzed every eligible radiology report in our healthcare system performed on patients admitted to Emory University Orthopedic and Spine Hospital from February 1, 2009 to December 9, 2014. IDEAL-X performance was measured in both controlled vocabulary and online machine learning modes, and benchmarked against manual physician review, in order to assess the accuracy of IDEAL-X on a task-by-task basis.
Patient Encounter-level Analysis and AHRQ PSI-12 Comparison
To demonstrate patient encounter-level accuracy (as multiple radiology studies could be obtained during and admission) and to facilitate a direct comparison with AHRQ PSI-12, IDEAL-X analyzed radiology reports only completed during the patient encounter related to orthopedic surgery. An AHRQ PSI-12 event was defined using the 2014 definition (version 4.5a), 7 and based on ICD-9 codes (and present on admission indicators) previously assigned to the patient encounter by coders employed by the hospital. Of note, to satisfy the exclusion criteria of PSI-12 for this part of the analysis: (i) all patients with prior VTE by ICD-9 code were excluded; (ii) all patients at this hospital were assumed not to be pregnant or in puerperium, as those patients would have been transferred to a tertiary care hospital with obstetric support; and (iii) all patients were assumed not to have had an inferior vena cava filter placed during the hospitalization before orthopedic surgery as interventional radiology services were not available at this hospital. Both IDEAL-X and PSI-12 VTE determinations were benchmarked against manual physician review.
RESULTS
Medical records for 13,248 patients admitted to Emory University Orthopedic and Spine Hospital from February 1, 2009 to December 9, 2014 were reviewed (Fig. 1 ). Among these patients, 677 diagnostic studies for VTE were performed across 546 patient admissions. Across the entire timeframe, including other inpatient and outpatient encounters within our health care system, there were a total of 2551 diagnostic studies that could detect VTE among these 13,248 patients.
Case Characteristics
The majority of cases under investigation for VTE underwent spine surgery [299 (55%), All patients had documented mechanical prophylaxis within 24 hours of completing surgery. Additionally, all THR, HFS, and TKR patients received pharmacologic VTE prophylaxis postoperatively, whereas only 23% of spine surgery patients received pharmacologic VTE prophylaxis. Low molecular weight heparin was the most frequently used pharmacologic agent, used by 77%-83% of patients undergoing THR, HFS, or TKR.
Among cases under investigation for VTE, 64% underwent ultrasound of a lower extremity, 4% underwent ultrasound of an upper extremity, and 50% underwent computerized tomographic scan of the chest with intravenous contrast, and a Case Description (Table 1) Radiology Report-Level analysis ( single patient underwent magnetic resonance imaging of the chest. No other radiology tests diagnostic of VTE were performed in this population. Within this institution, documentation of a symptom is required to order any radiology test. Several common symptom choices are given, in addition to a free text response. Among patients undergoing a diagnostic study for DVT, symptoms of "edema" and "pain in limb" were indicated among 50% of radiologic studies. Among patients undergoing a diagnostic study for PE, "shortness of breath" was indicated in 55% of radiologic studies, followed by "chest pain" among 13% of radiologic studies.
Among all surgical patients with a radiologic study for VTE ordered during their hospitalization, 49 (9%) were diagnosed with a VTE (Table 1 ). The proportion of spine surgery patients with VTE was significantly higher than other surgery types combined (12% vs. 6%, P = 0.016). This difference was the result of a higher rate of PE among spine surgery patients compared with other surgery types combined (8% vs. 3%, P = 0.014). **P = 0.016 when comparing spine surgery to all others combined. ***P = 0.014 when comparing spine surgery to all others combined.
Radiology Report-level Analysis Controlled Vocabulary Mode
IDEAL-X was calibrated in controlled vocabulary mode using the development dataset of 468 radiology reports in 2013 (the most recent complete calendar year of data). Among the remaining 2083 radiology reports in the testing dataset (2009) (2010) (2011) (2012) 2014 ), a DVT was detected by manual (physician) review in 112 of 1153 (9.7%) upper or lower extremity ultrasonography studies, and a PE was detected in 69 of 930 (7.4%) of computed tomography or magnetic resonance imaging of the chest.
When looking for the presence of any VTE (DVT and PE), IDEAL-X in controlled vocabulary mode correctly identified a VTE in 176 of 181 radiology reports, corresponding to a sensitivity of 97.2% [95% confidence interval (CI), 93.7%-99.1%, Table 2 ]. IDEAL-X incorrectly categorized 12 reports as describing a VTE when none was present (Appendix), corresponding with a specificity of 99.3% (95% CI, 98.9%-99.7%). Performance of IDEAL-X in controlled vocabulary mode was similar when looking for either DVT or PE (Table 2) .
Online Learning Mode
IDEAL-X performance in controlled vocabulary mode was superior to online machine learning mode, which achieved a lower overall sensitivity of 92% (95% CI, 88.3%-96.1%) and similar 99% specificity (95% CI, 98.5%-99.4%), and required ∼50% of reports to be processed before achieving > 95% sensitivity and specificity (Fig. 2) .
Patient Encounter-level Analysis and PSI-12 Comparison
Performance of IDEAL-X was also tested using only radiology reports completed during the patient encounter containing the orthopedic surgery, allowing a direct comparison to AHRQ PSI-12 coding from the same encounter. IDEAL-X in controlled vocabulary mode correctly identified 41 of 42 VTE events, achieving a sensitivity of 97.6% (95% CI, 87.4%-99.6%) and specificity of 99.8% (95% CI, 98.7%-100.0%) ( Table 3 ). The performance surpasses that of AHRQ PSI-12, which had an overall sensitivity of 92.9% (95% CI, 80.5%-98.4%) and specificity of 92.9% (95% CI, 89.8%-95.3%), though only the difference in specificity was statistically significant (P < 0.01).
DISCUSSION
IDEAL-X, a novel IE software system, was capable of correctly identifying VTE from the free text of radiology reports with very high sensitivity and specificity, surpassing the overall performance of VTE identification based on AHRQ PSI-12 among a large population of orthopedic surgery patients. Clinical quality metrics sourced directly from clinical records may have increased validity compared to those from administrative data sources, but have typically been too labor-intensive to routinely obtain. This study highlited several performance characteristics of IDEAL-X that may make it a useful tool for surveillance of VTE. We found that creating a customized controlled vocabulary simplified the deployment process, and was better suited for detecting relatively rare events, including VTE (overall incidence <1% at this hospital). Online machine learning enables a user to provide IDEAL-X with real-time feedback to continually improve the accuracy of extraction of subsequent reports. Though initial calibration of IDE-AL-X may be no faster than manual annotation, a user's role may evolve from annotator to reviewer as IDEAL-X 
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Decile of reports reviewed (total n=2551) Sensitivity Specificity FIGURE 2. Changes in sensitivity and specificity of IDEAL-X in online machine learning mode by decile of total diagnostic studies for venous thromboembolism (n = 2551).
becomes more intelligent and accurate. Once sufficient accuracy is achieved, the system can extract remaining data automatically in batches, achieving considerable time-savings. IDEAL-X's convenient workflow requires no linguistic expertise from the user, and can be easily adapted to different clinical applications to improve detection and surveillance of medical conditions. Other studies have evaluated the use of automated IE or natural language processing (NLP) to detect VTE but have not achieved a similarly high sensitivity. Murff et al 8 detected VTE with a sensitivity of 59% and specificity of 91% using an NLP approach that applied the Systematized Nomenclature of Medicine-Clinical Terms (SNOMED) ontonology to broadly search narrative reports (including radiology reports) and other clinical and administrative medical records in the Veterans Administration. Our study was likely able to achieve a higher sensitivity due to the ability to customize and train IDEAL-X directly from the dataset in use. Rochefort et al 9 previously achieved a~80% sensitivity and~99% specificity for detecting DVT and PE using a "bag-of-words" model, which is derived from approaches typically used in information retrieval, to broadly screen for key words and some modifiers. Our study was able to achieve higher sensitivity for detecting VTE using an IE based approach, possibly because of the increased ability of IDEAL-X to both (1) identify the likely locations of relevant sentences and keywords, thus disregarding irrelevant contextual information; and (2) better account for context and grammar, thus better simulating the way a human would read text.
The AHRQ Patient Safety Indicators, introduced in 2003, were initially introduced to facilitate internal quality improvement. Beginning in fiscal year 2015, Centers for Medicare & Medicaid Services began including PSI-12 (as part of the PSI-90 composite measure) in both the Hospital-acquired Conditions and the Value-based Purchasing programs, each program has the potential to reduce a hospital's Medicare reimbursement by at least 1%. Disease surveillance that is based on administrative data relies on the accuracy of documentation by medical providers and/or the ability of medical coders to locate and correctly and uniformly interpret free text of medical records. While our study confirmed that administrative/billing coding could be reasonably accurate in identifying VTE, IDEAL-X could identify VTE with higher specificity. Furthermore, the machine-learning approach of IDEAL-X suggests results could improve further, as our analysis of the 12 falsepositive classifications showed that 10 of these errors could have been avoided with additional vocabulary learned during the study. While there are many technical barriers to wide implementation of a NLP-based surveillance for VTE (eg, integration with electronic medical record systems, standardization), this study demonstrates that such a process could lead to more accurate disease surveillance, resulting in improved estimates of VTE burden in healthcare and easier and more efficient tracking and monitoring of VTE occurrence and VTE prevention activities. In addition, electronic surveillance could facilitate prevention efforts by providing improved quality measurements and potentially more equitable and effective pay-for-performance programs.
This study had several limitations. This study focused on an orthopedic surgery population with a historically high risk of VTE in a single orthopedic specialty hospital setting, therefore results will need to be generalized across other hospitals and among patients with other types of surgery. While IDEAL-X outperformed PSI-12 in identifying VTE at our institution, coding practices likely vary across hospital systems and, therefore, PSI-12 accuracy may also vary. In addition, the recent transition to ICD-10 coding has resulted in updated PSI-12 definitions, whose accuracy will need to be established. IDE-AL-X also currently requires medical records to exist in an electronic text format and cannot interpret scanned images of reports or handwritten text without additional software tools. This study also analyzed radiology reports from a single institution, with a limited number of radiologists, and therefore variations in word choice and syntax among radiologists across institutions could not be assessed. Finally, our study used physician review of radiology records as the gold standard for detection of VTE, however this does not account for VTE events where no diagnostic study was ordered, and thus this method likely underestimates the total burden of VTE.
In conclusion, IDEAL-X identified VTE from free text of radiology reports with very high sensitivity and specificity, surpassing the specificity AHRQ PSI-12. Further research is needed to generalize these findings across different health care settings and diverse patient populations. IDEAL-X's convenient workflow requires no linguistic or programming expertise from the user, and has potential for adoption in different clinical applications to improve detection and surveillance of many medical conditions. 6* Description of radiology study limitations "respiratory motion limits evaluation for pulmonary embolism," "small emboli in the segmental and subsegmental arteries can be missed" 3* Description of superficial vein "superficial venous thrombosis of the left basilic vein" 1* Recommendation for additional testing "nuclear study can be performed as clinically indicated for evaluation of pulmonary emboli" 1 Contradictory/ambiguous descriptions "findings can be seen with … sequela of chronic pulmonary embolism, although there is no direct evidence of chronic pulmonary embolism" 1 Radiology report syntax typo "1. no pulmonary embolism" (no space between "1."+"no")
*Ten false-positives could be averted in the future by adding these learned terminology to existing controlled vocabulary in IDEAL-X.
